The first step in the decision making process for proactive sewer rehabilitation is to assess the condition of conduits. In a risk-based decision context the set of sewers to be inspected first should be identified based on the trade-off between the risk of failures and the cost of inspections. In this paper the most effective inspection works are obtained by solving a multiobjective optimization problem where the total cost of the survey programme and the expected cost of emergency repairs subsequent to blockages and collapses are considered simultaneously.
INTRODUCTION
The sewer system is one element of urban infrastructure that is expected to operate without interruptions. Condition assessment and rehabilitation of such buried systems should be performed continuously to maintain a desired level of service.
A proactive approach to sewer asset management is of key importance for preventing uncontrolled deterioration and for reducing both direct and indirect costs (i.e. social, environmental and third party damage) associated with sewer failures.
Existing guidelines for condition assessment and rehabilitation of sewer assets suggest that prioritization of inspections should precede the decision-making process.
Information on physical integrity and hydraulic capacity coming from direct inspections helps to select the best rehabilitation intervention options (WRc 2001; Bennis et al. 2003) . A number of procedures for developing rehabilitation plans for sewer and drainage systems are available, ranging from Markov based models (Burgess 1990 ) to multiobjective optimization approaches (Reyna et al. 1994) .
However, little attention has been devoted to the development of decision support tools for planning inspections. The straightforward approach based on the condition assessment algorithm developed by WRc (2001) has become the industry standard. Two other methodologies proposed in the literature are based either on the assessment of "impact factors" (McDonald & Zhao 2001) or on the use of Bayesian belief networks (Hahn et al. 2002) . They identify where the propensity and the consequences of failures are high enough to justify direct inspections. Both methodologies elicit expert knowledge of the system and use available asset data to prioritize pipe surveys. doi: 10.2166/wst.2009.432 In a risk-based decision making process for selecting the set of pipes to be inspected it is necessary to consider the trade-off between economic, technical and management criteria. Accordingly, an inspection programme could be developed using a multi-objective optimization approach where decision variables are the sewer pipes to inspect and the objectives represent distinct selection criteria.
During the last two decades, the multi-objective genetic algorithms (MOGA) have proven to be an effective search technique capable of solving large, complex, combinatorial optimization problems (Goldberg 1989) . In spite of their good performance in many water system design and management applications (Halhal et al. 1997) , it has been observed that MOGA generate intervention strategies which do not provide any explicit prioritization of actions that should be undertaken (Giustolisi & Berardi 2009 ). For example, in the case of water distribution systems, pipe replacement strategies obtained by MOGA can differ significantly from each other even when they have comparable costs. Such a lack of "contiguity" between solutions becomes more and more evident as the size of the system (i.e. the number of pipes) and the number of objective functions increases.
To make the MOGA solutions more effective for decision makers, a post-process is needed which assigns "priority" to every single pipe. Giustolisi & Berardi (2009) demonstrated the effectiveness of prioritizing pipes according to the frequency of selection among MOGA solutions.
The results obtained there motivate the current work, which extends the post-processing analyses to the problem of planning inspection of sewer pipes.
In this paper the problem of selecting the most critical sewer pipes for CCTV inspection is posed. The choice of CCTV as the unique inspection technology is justified here by its applicability to most existing sewer diameters and its common use for pipe condition assessment. Nevertheless, the application of the present methodology to other real-life sewer systems might include other survey technologies. For example, different types of inspections may be better suited for large pipe diameters and/or accounting for the actual accessibility of manholes could be introduced. Although such details would help in refining the costs involved and/or make decision support more realistic, the prioritization methodology proposed herein would be the same.
PLANNING SEWER INSPECTIONS WITH MULTI-OBJECTIVE GENETIC ALGORITHMS
Planning sewer inspections is essentially a multi-objective optimization problem whose solution is relevant to a decision maker. In such an optimisation, after the decision-maker has defined all the objectives, he/she has to determine the multi-objective optimal zone by using the concept of Pareto dominance (Pareto 1896-7) which is depicted in Figure 1 in the case of a 3-objective minimization problem. Each subplot of Figure 1 is the projection of the 3-dimensional surface of objectives on planes f 1f 2 and
and 3) and f j (B) , f j (H) for at least one objective function. Accordingly, point H is placed in the upper right region identified by the dotted lines centred on B in both subplots. All non dominated points are said to be Pareto-optimal with respect to the set of solutions considered and are reported as circled dots in Figure 1 . Note that when moving from one Pareto-optimal solution to another, it is not possible to improve on one objective without making at least one of the other objectives worse. It is clear, however, that there is a need to identify as many solutions as possible within the Pareto-optimal range in order to ensure that an acceptable solution will be produced and selected by the decision-maker. Goldberg (1989) , showed that evolutionary algorithms and, in particular, genetic algorithms (GA) are more suitable to handling discrete and combinatorial optimization problems than classical pointby-point approaches. Genetic algorithms are adaptive search methods that emulate natural evolution on the basis of preferential survival, reproduction of the fittest members (by using "mutation" and "crossover" operators) and maintenance of a population with diverse members.
Several authors, including
In single-objective GA, the unique objective function is also the driving criterion for selecting the most promising individuals (i.e. solutions). In multi-objective GA (Goldberg 1989 ) such information is based on the Pareto dominance concept and the assignment of a rank to each solution. Fonseca & Fleming (1993) proposed assigning a rank equal to 1 þ n(g) to each solution, where n(g) is the number of points that dominate that solution at generation g. For example, in Figure 1 Fonseca & Fleming (1993) . For further details of OPTIMOGA the reader is referred to Giustolisi et al. (2004) .
CASE STUDY AND OBJECTIVE FUNCTIONS
The analyses reported in this paper are based on a large, real-life sewer network. The database has been confidentially provided by a UK water company and contains significant information for every single pipe, although no information on network topology or economic data is available. Pipe attributes (fields in the database) can be classified into the following categories: asset features . As in the case of many water utilities, this large amount of information was partially corrupted by some missing entries or unreliable/inconsistent data. Information on those sewers that were rehabilitated by inserting a pipe liner was encapsulated into the age value by reducing it by 10 years (starting from the date of that action) as this is the typical guarantee of the suppliers of these products; missing ECG values were in-filled with the average ECG of sewers of the same age.
Objective functions
The abovementioned data have been used to develop an effective inspection programme by using OPTIMOGA first and then the prioritization strategy proposed. Without a loss of generality, only three objective functions are formulated and optimized in the present work: (1) the cost of inspection programme (investment), (2) the expected cost of emergency repairs associated with sewer blockages and (3) the expected cost of emergency repairs associated with sewer collapses.
Cost of inspection programme (investment)
Only CCTV inspections are considered. Costs of inspections are borrowed from the work of Zhao (1998) which report an approximate unit cost of 0.009 $/m/mm diameter (between 1.75 and 14.00 $/m). Accordingly, all costs of both inspection and repairs are expressed in Canadian dollars in the rest of the paper.
Original data included diameters from 30 to 1,850 mm; however, the following analysis refers to the range 100-1,000 mm. This is because pipes smaller than 100 mm are assumed to be recording errors, while failure models developed here might be not valid for pipes larger than 1,000 mm (see next sub-section). Moreover, inspection costs for pipes smaller than 200 mm are assumed equal to the lower bound of the cost interval (i.e. 1.75 $/m) reported in Zhao (1998) . The total cost of each inspection programme is computed by Equation (1).
where C CCTV is the assumed unit cost of CCTV inspection, D p is pipe diameter and L p is pipe length. The summation refers to all pipes of the inspected set I. Such a function should be minimized during the search for an optimal inspection scheme.
Expected cost of sewer blockages and collapses
There are several rationales which might be considered in addition to f 1 to make inspections more effective. For example, they could accomplish the minimization of multiple traffic disruptions along the same street by coordinating inspections with other works on different buried utilities and/or maximizing proximity between inspected pipes. The inclusion of some objectives would require the knowledge of network topology which is not available for this case study. Nevertheless, the inclusion of preferential selection of certain pipes is quite easy to implement, as reported in Giustolisi & Berardi (2009 (2). It is worth remarking that using data-mining embodies a statistical approach for predicting failures (Kleiner & Rajani 2001) , which is a cost effective way of analyzing small to medium diameter pipes only. On the contrary, a physically based approach would be adopted for large sewers as potential damage subsequent to their failure justify expensive data collection for model validation. Accordingly, both the failure prediction models and the whole methodology reported here are referred to sewer pipes from 100 to 1,000 mm diameters only (16,875 pipes in total).
In brief, what distinguishes EPR from MCS-EPR is the possibility of splitting data into subsets according to failure history (Giustolisi & Berardi 2009 ). In particular, MCS-EPR can be used for developing distinct models for different subsets of pipes; such models have the same mathematical structure but different parameters. A remarkable difference exists between the two models to be developed here, which is caused by the large imbalance between the number of collapses (57) and blockages (688) Blockage models obtained by applying MCS-EPR are summarized in Equation (3).
where subscript class emphasizes that this is an aggregate model (i.e. all quantities refer to pipe classes, each of which contain a number of pipes homogeneous for D, Era and gr).
Parameter a subset refers to the blockage dataset considered and can be either a low ¼ 0.3394 (for low blockage rate subset) or a high ¼ 12.5963 (for high blockage rate subset). It follows from Equation (3) that the number of blockages is inversely proportional to the pipe diameter and increases with the number of properties directly connected to the pipes and with the class total length. This is consistent with the common experience that smaller pipes are more prone to clog than larger ones and that a large number of direct connections leads to more frequent obstructions. Furthermore, the longer the pipe class the more likely it is to experience blockages. Interestingly, in the annual planning context, all selected variables can be considered constant over time (i.e. usually they are updated annually). This means that the blockage rate is expected to be constant over time as well.
The collapse model obtained from EPR is given in Equation (4): 
In Equations (5) and (6) (i.e. P and L for blockages and only P for collapses) as reported in Equations (7).
The number of blockages and collapses expected in a 1-year planning horizon are as follows:
As a new inspection plan is needed at the end of the planning horizon, two new incident models need to be developed based on the updated asset and incident records.
This allows asset changes (e.g. in terms of age, gradient, diameter and so on) which have occurred during the planning horizon, to be taken into account.
Expected cost of emergency repairs due to sewer blockages ( f 2 ) and collapses ( f 3 ) are computed as in Equations (9) and (10) respectively.
where summations refer to all non-inspected pipes (NI).
The product in brackets is the rehabilitation costs of pipe p assuming a unit cost C CIPP of 5 $/m/mm diameter; while d p is the multiplier as in Equation (2) 
FROM MOGA SOLUTIONS TO PRIORITISED INSPECTIONS
As mentioned above, the selection of a set of sewers to be inspected is performed by using a multi-objective genetic algorithm (OPTIMOGA). Here each inspection scheme is represented by a chromosome whose length equals the number of sewer pipes considered (16,875 corresponding to about 780 km of pipeline) and the only decision variable is 'to inspect' (value 1) or 'not to inspect' (value 0). Such an "exhaustive" coding identifies a huge global search space of 2 16,875 solutions. In order to allow for an adequate balance between exploration and exploitation of the Pareto front, each OPTIMOGA run was performed for 500 generations.
The maximum size of the evolving population is 100 individuals, while the maximum number of elements in the archive is left undefined so that the search continues until the maximum number of generation is reached.
Mutation and crossover probability are set at 0.1 and 0.4, respectively. Furthermore, the optimization was repeated 5 times to take into account the effects of different starting populations.
Scrutiny of returned replacement schemes revealed the following issues. † Both the number of returned solutions (different inspection schemes) and pipes selected vary considerably over the 5 runs. † Pareto solutions in the close proximity of each other in the objective space differ considerably in the decision space (i.e. the set of pipes selected for inspection are different from solution to solution). In particular, all renewal schemes falling into overlapping intervals of 1% of the total-inspection cost (i.e. investment for the whole network CCTV survey) were investigated. Figure 2 depicts the number of solutions falling into each cost interval (left) and the percentage of "common" pipes (i.e. those simultaneously selected) over all pipes in the same cost interval (right). For the sake of clarity, these figures refer to one of the 5 runs only. The horizontal axis reports the investment required for the cheapest solution in each interval. It is evident that the most populated cost intervals are those between about 30% and 65% of the complete CCTV inspection cost. However, this cost interval shows also a very low percentage of pipes "common" to neighbouring solutions. This means that, given a monetary budget for inspections, the decision manager has to choose from a number of possible "optimal" alternatives, which are substantially different from each other. Figure 2 (left) shows also that the cheapest cost intervals are as populated as the most expensive ones (on average) but the percentage of "common" pipes is very different. In particular, solutions up to 30% of the total-inspection cost (associated with the commonly available budgets) contain about 3% of common pipes on average. Also in this case the selection from these solutions is quite a hard task. † As shown in Figure 2 -right, MOGA solutions range from about 20% to 80% of the total-inspection cost, without any solutions up to 20% and between 80% and 100%. † None of the pipes has been selected by all of the solutions returned in a single run.
These facts suggest that once a given inspection scheme is considered by the decision maker, it is impossible to move to the next inspection programme without changing most of the selected pipes. Despite the MOGA's proven effectiveness in many other design and management applications, it should be noted that it has limitations in terms of search effectiveness and efficiency, especially when solving large optimisation problems (e.g. related to real-life networks) with a large number of objectives considered. Some of these problems arise from the heuristic nature of the GA search which allows for the rapid approach to the real Pareto front from a random starting point but gets into difficulties when converging to it. This is a well known problem of slow finishing that occurs due to the lack of selection pressure toward the end of the GA run (Goldberg 1989) . the one with the current highest ratio between risk reduction and investment. In the first case (i.e. Rbl/C) risk reduction refers to blockages, in the second case (i.e. Rcl/C) it refers to collapses. It is evident that each of these ranking schemes dominates the other when evaluated into the proper two-objective sub-space (e.g. Rbl/C in f 1f 2 plane), while it is dominated in the opposite case (e.g. Rbl/C in f 1f 3 plane). Figure 3 shows that the proposed procedure (prioritization of OPTIMOGA solutions) represents a compromise between the two rationales in the in the area of low investment, which is the more important from a decision maker's perspective. Indeed, the solutions obtained are generally preferable (are between Rbl/C and Rcl/C) up to 19% of total-inspection investment. Furthermore, all solutions before the inflection point approximate very well both rankings obtained with greedy algorithms, i.e. Rbl/C and Rcl/C. This is because pipes with highest risk of both blockage and collapse events are selected first. 
DISCUSSION AND CONCLUSIONS
This paper presents and discusses the application of a multiobjective genetic algorithm (OPTIMOGA) to the selection of optimal sewer pipe inspection schemes in a large, real-life sewer network. The analysis shown here unveils a lack of contiguity between the set of inspections obtained from the multiple OPTIMOGA runs. This makes inspection strategies less effective for decision makers who have to select from a large set of different feasible pipe combinations. A prioritization scheme is demonstrated that is able to expose the most critical pipes to satisfy a given set of objective functions simultaneously. Such a prioritization is based on the post-processing of solutions returned by the global OPTIMOGA search. Nevertheless, it could be potentially applied to solutions obtained from other multi-objective optimization techniques in order to develop the most effective supports for a decision maker. As a potential further development, pipes may be resorted during the OPTIMOGA run in order to drive the search towards those Pareto-optimal solutions which are also effective from a practical perspective.
The case study shown here considered two types of objectives: (1) the total investment required and (2) the risk of emergency repairs subsequent to sewer incidents. Sewer pipe blockages and collapses have been modelled by using the EPR and the MCS-EPR techniques. Although these techniques are not new in the field of sewer failure modelling, a novel application to predict the number of incidents for individual sewer pipes has been presented here. Some limitations of the methodology shown here arise from the lack of knowledge about the actual network topology. If available, this could be used to both improve aggregation into homogeneous pipe classes (prior to modelling failures) and to optimize the allocation of inspections (e.g. by adding further objective functions into the optimization process). Nonetheless, previous similar studies on even smaller water distribution pipe networks (Berardi et al. 2008b; Giustolisi & Berardi 2009) have proven that such further information neither reduces problem complexity nor overcomes the need for a post processing of MOGA solutions.
All solutions obtained after post-processing dominate all those returned by five runs of a multi-objective genetic algorithm. Prioritized inspection schemes where also compared with two different ranking strategies, each following a benefit/cost ratio based on one objective (i.e. type of failure) at a time. The proposed approach is demonstrated to provide preferable solutions, at least in the realistic, low-investment area. Finally, the inclusion of other objectives is suggested as the straightforward remedy to overcome the occurrence of sub-optimal solutions amongst prioritized ones and, also, to make the whole decision support tool more flexible to fit end user's needs.
